One of the foremost challenges in post-genomic era will be to chart gene regulatory networks of cells, which include genome annotation, cis-regulatory element finding and transcription factor identification, information on protein-DNA and protein-protein interactions, and data mining and integration. Some of these broad sets of data have already been assembled for building networks of gene regulation. Even though they are still far from comprehensive and simultaneously face many important and difficult challenges, some strategies have begun to make connections between disparate regulatory events and to foster new hypotheses. In this article we review several different genomics and proteomics technologies and present bioinformatics methods for exploring these data to make new discoveries.
INTRODUCTION
larger scale discovery of candidate regulatory regions have been developed. Detailed consideration of these algorithms is beyond the scope of this review and more specific descriptions are found elsewhere [30, [46] [47] [48] . Although these methods are unable to assign specific TFs to their cognate binding sites, they still can be of tremendous aid in identifying relevant binding site motifs. Other kinds of programs currently can be obtained from internet resources. Here, with the availability of some whole genomes, we will mainly discuss the strategy of comparative genomics [49] . This method is powerful approach for dissecting the complexities of cis-regulatory codes [50] . The rationale behind this approach is that evolutionary conservation of a feature implies that it has been retained by selection, which means it is likely to have a function (also referred to as "phylogenetic footprinting") [51] .
Indeed, several studies [50, 52] have shown that putative TF binding sites are enriched in conserved non-coding genomic sequences (footprints). This approach has also proven valuable not only on a gene-by-gene scale, but also on a genomic basis [48, 52] , and several algorithms have been developed for cross-species sequence comparison complete with gene, in some cases, TF binding site, and annotation [53, 54] . Two recent studies are very attractive.
Cliften et al. sequenced the genomes of five different Saccharomyces species and aligned
them with the S. cerevisiae genome sequence, and thereby identified hundreds of sequences.
They estimated that there are about 5,500 different conserved upstream motifs, and that 73% of these are made up of combinations of the known binding sites of 37 transcription factors [55] . Nobrega et al. compared human DACH flanking sequences with mouse genomic DNA and by combining additional genome comparison information from distantly related vertebrates such as frog, zebrafish, and pufferfish, and reported that they contain several important enhancers [56] .
Dispite the potential power of comparative sequence-based approaches, they still have some limitations for conducting genome-wide for regulatory sites. For example, it is not possible to tell, merely from alignment data, the functional role of an identified conserved sequence motif. Moreover, some conserved elements may be found in intergenic regions far from any coding sequence, so it is not always clear what gene is subject to regulation by the elements.
As described before, with a purely computational approach, uncertainty remains as to whether a predicted cis-regulatory element actually possesses the expected function [57] .
With a purely experimental method, difficulty remains as how to predict cis-regulatory elements on a large scale. The union of experimental and computational strategies will be new trends in deciphering cis-regulatory codes [58] . The most successful of these approaches to date appear to be those that rely on gene expression profiles from DNA microarrays. Some of them are currently employed to study genome-wide transcriptional regulation [59] [60] [61] [62] . Typical analyses include clustering binding sites and finding DNA sequence regions where their local density is high [59, 60] , or predicting the targets of a TF using support vector machines (SVMs) [61] . Other methods have combined transcriptional profiling data with additional information such as shared DNA binding motifs, and been applied to identify novel TF combinations in the promoters of the yeast genes [62] . Among the more commonly used of these programs, REDUCE is an excellent algorithm and designed for analysis of a single transcriptome [63, 64] . Alternatively, the algorithm has been successfully applied to analyze genome-wide protein-DNA interaction data in Drosophila [43, 44] . In addition, other functional genomics and proteomics data more than genome sequence and expression profiling information were used for facilitating the identification of TF binding sites with appropriate computational tools. Recently, Laurence et al. combined functional information such as protein-protein interactions or metabolic networks with genome information in S. cerevisiae and developed a new scoring method to predict cis-regulatory motifs in the upstream region of genes [65] . Roulet et al. coupled appropriate bioinformatics tools to high-throughput SELEX-SAGE method for quantitative modeling of mammalian transcription factor binding sites [66] .
As mentioned above, though many high-throughput and powerful methods have emerged, deciphering cis-regulatory codes still faces some formidable challenges. For examples, first, [67] , thus introducing significant complexity into such approaches and false positive rates can be high. Second, a typical promoter or enhancer usually contains multiple transcription factor binding sites and receive input from a number of different signaling cascades [28] . Third but not the last, most transcription factor binding sites are short sequence elements (6-20bp) and extremely difficult to use for sequence comparisons.
Simultaneously, a large number of such motifs can occur randomly in the genome and the vast majority of these have no role to play in gene regulation. An additional aspect mentioned here is that genomes in eukaryotic cells usually contain a wealth of information not encoded directly in their DNA sequence termed epigenetic regulatory information such as DNA methylation and histone code. How to mine and integrate this information into GRNs will be an enormous challenge.
IDENTIFICATION OF TRANSCRIPTION FACTORS
Transcription factors lie at the center of gene regulation, and with the regulated genes in an organism form a complex network, which plays a central role in the functioning of the organism. Precise regulatory control of gene expression is achieved by combinatorial and concerted interactions of various TFs with their cognate binding sites, with each other and with the transcription initiation complex [68, 69] . Therefore, their identification is crucial to the understanding of gene regulatory mechanisms. Emerging evidence suggests that organism complexity correlates with an increase in both the ratio and absolute number of transcription factors per genome [67] .
Compared with finding cis-regulatory elements, development of the strategies for isolating and identifying transcription factors lags behind. Current transcription factor-coding information is mainly predicted from genome analysis based on computational methods. For example, through sequence similarity or structural comparison, Riechmann et al.
characterized the entire complement of transcription factors encoded by the genomes of Arabidopsis, Drosophila, C. elegans and S. cerevisiae [70] . Recently, several in silico analyses identified a total of 326 putative C2H2 zinc-finger proteins in the genome of Drosophila [71] , 147 bHLH [72] and 107 MADS-box protein-coding genes [73] respectively information about the genes they regulate in previous reports. Individually, these 121 TFs regulate from 1 to 197 genes and, taken together, there are 1302 genes and 303 operons in the regulatory network [75] . To investigate the regulation of TFs, they integrated the information available from other reports, to produce the diagram of the TF regulatory network in E. coli [74] . Here we show the network of 35 TFs currently known to regulate each other in E. coli TFs that regulate the largest number of genes and also the largest number of TFs to amplify their influence [74, 76, 77] . This figure provides one central part of the GRN currently known in E. coli [74] . From these events we can see, even in simpler organisms such as the prokaryote E. coli, there are also cascades of TFs that regulate each other in order to amplify or diversify the effect of a signal on gene regulation. It is estimated that roughly 5%-10% of the total coding capacity of metazoan genome is dedicated to coding TFs [67] . Therefore, their TF regulatory networks would be more intricate. As experienced in the above case study, we can envision that similar computational methods could be developed to identify TFs and to dissect the complicated GRN of TFs in metazoans.
As to the traditional experimental approaches for the identification of transcription factors, such as DNA affinity chromatography [78] and DNA binding assays [79] 
MAPPING PROTEIN-DNA INTERACTIONS
Protein-DNA interaction-that is, the trans-acting regulatory gene products that physically bind to specific cis-acting elements of the genes regulated-is the heart of the regulatory mechanisms that control gene expression in the GRN. A more complete understanding of these protein-DNA interactions will permit a more comprehensive and quantitative mapping of the regulatory pathways within cells, as well as a deeper understanding of the potential functions of individual genes regulated by newly identified TF binding sites [29] . Numerous techniques have been employed for studying protein-DNA binding interactions, including several methods in vitro, sensitive fluorescence-based approaches and high-throughput array-based assays in vivo.
The first class of methods is the most commonly used such as gel mobility-shift assays [79] . Using EMSA for example, during the experiment, the protein-DNA complex produces a reduction of the electrophoresis mobility of the DNA fragment in nondenaturing polyacrylamide or agrose gels. The assay usually involves the addition of a binding protein to the DNA sample and separation of the free and complexed DNA by gel electrophoresis with autoradiography or fluorescence detection. The whole process requires a large amount of sample and is too laborious and time-consuming to be used for the analysis of a large number of protein-DNA interactions. 
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Fluorescence-based approaches for measuring specific protein-DNA interactions have been developed to circumvent the deficiencies of these methods [84] . For example, fluorescence detection eliminates environmental concerns related to the disposal of radioactive waste and provides out-standing sensitivity of detection, even to the level of single molecules [85] . However, the methodologies are not practical to gather data on vast collections of protein-DNA interaction pairings.
Methodologies to map protein-DNA interactions using array-based assays have been developed in yeast [12, 31, 33] , Drosophila [35, 36] and mammalian cells [37, 39, 86] in a quiescent state, and disruption of these protein interactions may be significant in permitting unregulated growth of cancer cells [87] . A major challenge now is to determine how all of these complexes work together to ensure proper regulation.
For example, in a gene regulatory pathway, the transcriptional regulator proteins receive input information from the up-stream signal transduction cascades that are regulated by specific protein interactions. Then, the proteins will bind to short cis-DNA sequence motifs found in the promoter and enhancer regions of downstream genes and through interactions with other components of the transcription machinery, promote access to DNA and facilitate the recruitment of the RNA polymerase enzymes to the transcriptional start site [88] .
Therefore, protein interactions provide the mechanistic basis for much of gene regulation in all organisms. Comprehensive analysis of protein interaction events, integrating with cis-regulatory and TF binding information will provide a powerful first step towards charting GRNs.
Recently, an enormous amount protein-protein interaction information has been obtained for some organisms using a high-throughput yeast two-hybrid system (Y2H) [89] , MS-based proteomics [90] [91] [92] , protein array [93] and fluorescence-based interaction assay [94, 95] .
These large-scale datasets have provided a wealth of new leads in many areas of biology such as global protein function prediction [96] and functional module discoveries [97] . Some work is obviously not directly related to the thesis of this review, but they are evident testimonies that these methodologies are scalable and beneficial to understanding and charting GRNs. Of particular relevance to gene regulation, for example, Yatherajam et al. performed a systematic Y2H analysis of TAF-TAF (TATA-binding protein associated factor) interactions and their topological arrangements within TFIID [89] . Many studies show that TFIID plays important roles in many other different aspects of the regulation of gene expression [98] . Newman et al.
used protein arrays to test 49 2 pairing of a nearly complete set of coiled-coil strands from human basic-region leucine zipper (bZIP) TFs [93] .
Scale-up of protein interaction screens using the Y2H system has made it possible to analyse complete proteomes and identify thousands of interactions. Surprisingly, several Since many protein complexes participate in gene regulation, affinity tagging coupled to MS-based proteomics may have a significant impact on dissection of gene regulatory mechanism [90] . Considerable efforts have been devoted to developing tagging systems optimized for analysis of protein complexes [103] . Here, we will highlight the current state of one popular tagging system-tandem affinity purification (TAP) method and its role in the identification of transcription complexes. The TAP method is a protein tag-based affinity purification technique originally developed and successfully employed in yeast [104, 105] .
Technically, two affinity tags, protein A and calmodulin-binding peptide (CBP), separated by a TEV protease cleavage site are fused the protein of interest [105] . The TAP-tagged protein is expressed in yeast cells to physiological concentration to form a complex with endogenous components. Extracts prepared from cells expressing the TAP-tagged protein are subjected to two successive high-stringent purification steps. Once the purified complex is available in soluble form, it is resolved by SDS-PAGE and the protein bands are digested in gel and identified by MS [104, 105] . One application of this methodology for analyzing transcription complexes was described by Mueller et al. [106] . To further characterize the composition and function of the Paf1/RNA Pol II complex, and to compare it to the Srb-mediator complex in yeast, they TAP-tagged four chromosomal genes CDC73, SRB5, HPR1 and CTR9. MS analyses of associated complexes revealed that the two complexes were biochemically different [106] . Another two fascinating studies demonstrating the power of the method will be mentioned here [107, 108] . In the first study, Chung et al. combined the TAP-tagging method with cryo-electron microscopy and determined the structure of an RNA Pol II/ TFIIF complex [107] . In another work, Rodriguez-Navarro et al. TAP-tagged a novel nuclear protein Sus1, and found that Sus1 is physically associated with SAGA, a histone acetylase complex, Copyright 2004 Biochemical Society and the Sac3-Thp complex, which is involved in mRNA export. The results partially deciphered the physical nature of transcription-coupled mRNA export [108] . Although most applications of the approach have thus far been described for yeast complexes, the TAP method can be modified and used for the retrieval of protein complexes from higher eukaryotes such as human [109] [110] [111] and Drosophila [112] . For instance, more recently, Bouwmeester et al. analyzed the human TNF-α/NF-κB signal transduction pathway, and identified receptor, kinase and TF-associated complexes [109] .
Compared with Y2H and array-based approaches, this strategy has the advantages that the fully processed and modified protein can serve as the bait, that the interactions take place in the native environment and cellular location, and that multi-component complexes can be isolated and analyzed in a single operation [111, 113] . Simultaneously, the sensitivity of the method is very high, and able to identify low expressed proteins, such as TFs and TF-associated complexes [111, 114] . Therefore, the sample amount purified by this method is usually limited, and the electrophoretic step is not desirable. Accordingly, TAP-MudPIT approach and other variant methodologies are emerging [115, 116] . However, TAP MS method also has some drawbacks. For example, the strategy does not provide information on the orientation of complex components, complex characterization and Y2H analyses are ideally complementary.
As demonstrated above, each method has its drawbacks and none gives complete or unambiguous data. Side-by-side comparisons of data obtained by different methods show limited reproducibility and a prevalence of false positives and false negatives [99] . Many biologically relevant protein interactions are of low affinity, transient and generally dependent on the specific cellular environment in which they occur. So a straightforward affinity experiment will detect only a subset of the protein interactions that actually occur. Currently, the development of quantitative methods based on stable-isotope labeling [117] background of copurifying proteins following a simple one-step DNA affinity procedure [91] .
The ability of the method increases the tolerance for high background and allows for fewer purification steps and less stringent washing conditions, thus increasing the chance of finding transient and weak interaction, and obtaining new discovery.
NETWORK MOTIFS OF GRN
Recent advances in data connection and analysis are generating unprecedented amounts of information about GRNs. However, it is still extremely difficult to construct GRNs based on this information due to the network complexity. Some studies have proposed that such networks can be dissected into small functional modules [118] . Therefore, the notion of motifs widely used for sequence analysis is generalized to the level of networks. Of particular relevance to GRNs, specific building blocks of complex networks, or network motifs [12, 76] , have been identified in GRNs of E. coli and yeast. Network motifs are regulatory circuit patterns that occur in the network far more often than in randomized networks with the same degree sequence [76, 119] . Each network motif can perform a specific information-processing task such as filtering out spurious input function, generating temporal programs of expression or accelerating the throughput of the network.
Lee et al. developed a high-throughput method to identify six frequently appearing network motifs, ranging from multi-input motifs (in which a group of regulators binds to the same set of promoters) to regulatory chains (alternating regulator-promoter sequences generating a clear temporal succession of information transfer). They assembled these motifs into larger network structures and constructed the regulatory logic of the cell cycle in yeast from the location and expression data [12] . A similar set of highly significant regulatory motifs was previously uncovered in the bacterium E. coli by Alon and co-workers [76] . The significance of these structures raises the question of whether they have specific information-processing roles in the network. If they do, they might be used to understand the circuit that responds rapidly to step-like stimuli in one direction, and at a delay to steps in the opposite direction [121] Network motifs emerging as our knowledge of GRNs become complete [119] . It would be fascinating to study the function of additional regulatory network motifs to determine whether the GRNs can be understood in terms of recurring circuit elements, each with a defined information-processing role. Once a dictionary of network motifs and their function is established one can envision researchers detecting new network motifs. These motifs can be used as building blocks to construct large network structures through a computational approach that combines genome-wide binding information with large-scale transcriptome data in the absence of original knowledge of regulator functions [122] . From the study of Lee et al. [12] we can deduce that the network of transcriptional regulators that control genes encoding other transcriptional regulators is highly connected. Such deduction implies that the network substructures for cellular functions such as cell cycle and development are themselves coordinated at a transcriptional regulatory level. We can envision mapping the regulatory networks that control gene expression programs in further depth in yeast and in other higher eukaryotes. Knowledge of these networks will be significant for understanding human health and designing new strategies to resist diseases [123] .
DISCOVERY BY DATA MINING AND INTEGRATION
As described above, vast amounts of valuable data have been generated by large-scale functional genomic and proteomic experiments. These include profiling of mRNA and protein expression at whole-genome scale, locating the binding sites of given TFs along the genome, 
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and proteome-wide identification of interacting proteins. While each dataset by itself calls for the application of appropriate computational tools for data processing, let alone the integration of different types of information [123] . These integrative analyses provide new molecular insights that could not be revealed using each type of information alone. Of particular relevance to gene regulation, several such studies have been reported, most of which regard the integration of mRNA profiling data in the yeast S. cerevisiae with other types of data [62, 124] . Although, the data of unraveling transcriptional profiling are not discussed as one of the main content in this article, several examples of this section will also include mining and integration of such information and other kinds of data resources.
In a first example, a combination of genome-wide data of TFs and their target genes and data of protein-protein interactions based on classical graph algorithms has identified a large number of gene regulatory circuits [125] . These dataset consists of 5976 protein pairs In a second example of functional genomic insight, it has been shown that the effect of the transcriptional regulatory network in S. cerevisiae on the expression of targeted genes can be determined by integrating gene expression and TF-binding data [126] . Gene-expression dataset originates from a genome-wide transcriptional profile of the mitotic cell cycle in yeast [127] and analysis of the expressed genes with a local clustering method [128] . TF-binding data are explored by merging the results of genetic, biochemical and ChIP-chip assays [12, [129] [130] [131] . It contains 7419 interactions connecting 180 TFs with their 3474 target genes.
Previous studies of the data have discovered six basic motifs. The current study finds significant connections between the two kinds of datasets. Genes targeted by the same TF tend to be co-expressed and the correlation is stronger for genes targeted by multiple, common TFs. In addition, target genes of the same TFs are more likely to share similar functions than expected randomly. Relationships between TFs and target genes are more complex than co-expression. The degree of complexity is different in different motifs. protein-protein interactions [133, 134] and whole protein complex analysis [111, 113] were found from large-scale protein-DNA binding data [12, 131, 132] . To increase the reliability of TF-pair predictions, several sources of physical protein-protein interaction information were mined [111, 113, 133, 134] . The Y2H screens provide valuable information on possible pairwise interaction; the protein complexes can be interpreted as complete sub-graphs in which each protein is linked to every other. Finally, according to synergy and their co-occurrence frequency, the 50 highest-ranking synergistic TF-pairs were obtained and represented in Figure 2 [132] . The figure illustrates the complementary character of the available DNA-binding data and highlights the significance of a given TF-pair as measured by large-scale protein interaction networks. This is very similar in spirit to previous efforts correlating transcriptome and interactome mapping data [135] . Although these original large-scale data exist the inherent imperfection, they provide a valuable opportunity to systematically search additional information. Using the frequently occurring transcriptional module Mcm1-Fkh2-Ndd1 for example, several new target genes involved in cell-cycle control and filament formation were identified [132] . Such results particularly encourage researchers to computationally integrate these diverse datasets and observe significant commonalities in them. Integration of them can allow the investigators to identify many well-known regulatory modules and extract biologically relevant sub-networks [132, 135] .
Through finding commonalities in the datasets, the reliability of network predictions can be increased [132] . 
Taken together, the observations described above suggest that the large-scale datasets mentioned in this review can be correlated and integrated for unicellular yeast S. cerevisiae and obtain new discoveries. For multicellular organisms, it remains difficult. However, with the development of assays such as the ChIP-chip method applied to mammalian cells and the recent appearance of the first multicellular protein interaction networks in Drosophila [136] and in C. elegans [137] , we believe that the notion of such data integration can be extended to high eukaryotes, even to whole animals.
DATABASES AND SOFTWARE TOOLS
Charting a complicated network of gene regulation is a major challenge [3] , which will require the integration of many layers of systematic cell and molecular biology and many direct lines of research. The conventional methods for creating a network model include performing a series of experiments to identify specific interactions and conducting extensive literature surveys. Recent developments of high-throughput strategies have accumulated large amounts of data, including protein-protein, protein-DNA, and genetic interactions [138] as well as cis-acting and trans-acting information. These data will require powerful information storage, query and analysis engines to handle data manipulation computationally. Current representational models of GRNs will need to evolve substantially to manage these data meaningfully.
Several large-scale, comprehensive databases on GRNs are created. Databases such as AraC-XylS [139] , Regulon DB [75] , PlantCARE [140] , AGRIS [141] , EPD [142] , TRRD [143] , and TRNSFAC [131] are intended to serve as a repository for information of gene transcription regulation. A database of transcriptional start sites for human genes has been created and can thus provide a rich source of raw data for understanding searches for promoter-proximal regulatory sequences [144] . Other databases such as TRANSCompel ® [145] , MIPS [134] , BIND [146] , DIP [133] , MINT [147] , GRID [148] , GeneNet [149] are inclined to serve as a repository for protein and genetic interactions and associated regulatory events. These databases cross-referring to gene expression databases, which have already stored huge amounts of DNA microarray information from many organisms [150, 151] will generate comprehensive and large-scale raw data for charting GRNs of different organisms.
Constructing and maintaining a high-quality database requires a substantial amount of effort. 
Copyright 2004 Biochemical Society
Thus, creating a database large enough to capture gene regulatory information will require massive community investment and commitment, ranging from the individual researcher to the funding agency and journals, as well as innovation from database developers. The important utilitarian goals of these databases include minimal redundancy, maximal annotation and integration with other databases [152] .
Although these databases are useful sources of knowledge, there are numerous examples in information management and processing where the existence of multiple and/or specialized file formats has hindered accessibility, information exchange and integration [153] . Therefore, to standardize these data will also be important. It is crucial that software development is linked at an early stage through agreed documentation, eXtensible Makeup Language (XML)-based definitions and controlled vocabularies that allow different tools to exchange primary datasets. Considerable effort has already gone into interaction databases [133, 134, [146] [147] [148] [149] and system biology software infrastructure [154] that should be built upon by current and future functional genomics and proteomics initiatives/researchers. Lessons learned from analysis of DNA microarray data, including clustering, compendium and pattern-matching approaches, should be transportable to analysis of GRN [155, 156] . A proteomics standards initiative is currently developing formats for mass spectrometry and protein-protein interaction data and annotation [157] . The System Biology Markup Language (see SBML: http://sbw-sbml.org), along with CellML, represent attempts to define a standard for an XML-based computer-readable format that enables models to be shared and used even in a different software environment. System Biology Workbench (SBW) is built on SBML and provides a modular, broker-based and message-passing framework for system biology research. Both SBML and SBW are collective efforts of a number of research groups sharing the same vision [154] .
Data standardization will make it easy to retrieve information from different databases [153] . A variety of software tools will be necessary to process and analyze the resulting large-scale data and to understand data relationships quickly and to make biologically relevant predictions [158] . For molecular interactions, general-purpose graph viewers such as Pajek [159] are available to organize and display the data as a two-dimensional network; specialized tools such as Cytoscape [160] and Osprey [161] provide these capabilities and also link the network to molecular interaction and functional databases such as BIND [146] , DIP [133] Cytoscape for example, the software is able to integrate both molecular interactions such as protein-protein, protein-DNA, and genetic interaction data, and state measurements together in a common framework, and to then bridge these data with a wide assortment of whole parameters and other biological attributes [160] . Cytoscape focuses on high-level representation of components and interactions. Discoveries and hypotheses generation prompted by large-scale datasets generated across all manner of model systems will depend on data assembly tools such as Cytoscape or Osprey. More recently, the development of a computational method to analyze a gene-coexpression network should provide a novel point of view for understanding GRNs from evolutionary and conserved angles of view [162] .
CONCLUSIONS AND FUTURE PERSPECTIVES
Another perspective will be for the field of gene regulatory research to work hand in hand with those focused on pivotal biological process, such as cell cycle and development, in order to best convert the broad but shallow gene regulatory data into deeper understanding.
Looking ahead, genomics, quantitative proteomics and computing sciences will be integrated in a comprehensive strategy of designing, modeling and analyzing experiments for complex biological networks: a new endeavor in the multidisciplinary field of bioinformatics.
Therefore, in the near future, we might have a reasonably complete picture of the GRN of a simple model organism such as E. coli and yeast. This picture, in turn, will provide a blueprint for understanding the GRNs of other more complex model organisms and of humans. The figure shows the results of joint analysis of large-scale protein-DNA binding information and protein-protein interaction data [132] . It can be visualized as a network in which the TFs as nodes and TF-pairs as weighted links (edges) between the nodes. Black edges indicate results based on in vivo GWLA data [12] , red edges correspond to TRANSFAC database information [131] , and green links are results of in silico predictions. There are always two lines with different colors aligning with each other between two TFs. The number on each edge serves as rank measure described in reference [132] . The color scheme for the nodes illustrates the predominant functional category (where known) of regulated genes; orange, mitotic cell cycle; magenta, budding and filament formation; bottle green, amino acid metabolism; yellow, nitrogen and sulphur utilization; oxford blue, C-compound and carbohydrate utilization; red, transcription factors; grey, unspecific or several functional categories. 
